Most of current multi-object tracking (MOT) methods solve the task of identity assignment mainly by using the distinguishable features and predictable motions of nearly rigid objects. However, when the objects are indistinguishable, non-rigidly deformable and erratically motorial, it is challenging to differentiate the identities and regions of multiple objects in occlusions. In this paper, a novel method based on multi-anchor flow with annular sector model (ASM) is proposed to handle occlusions and complex motions for tracking multiple of these kinds of objects. The multi-anchor flow is built on anchor points which are extracted from the union contours of deformable objects. By optimizing the multi-anchor flow over frames, the proposed method solves the task of identity assignment when multiple objects are in clustered. Meanwhile, the annular sector model is also combined into the tracking method not only to rectify the results of identity assignment, but also to depict the poses or regions of deformable objects in occlusions. In our experiments, the proposed method is evaluated on two publicly challenging dataset for tracking multiple Drosophila Larvae. The results demonstrate that the proposed method has better performance on both of the accuracy of identity assignment and the computational time when compared to other multi-object tracking algorithms.
I. INTRODUCTION
Multi-object tracking (MOT) plays an important and fundamental role in wide range of computer vision applications such as monitoring pedestrians [1] , [2] or vehicles [3] , acquiring action data of human body [4] , and analyzing the behaviors of laboratorial animals [5] - [7] , etc. The general MOT problem is to provide the trajectories and identities of multiple objects in image sequences. Most of current tracking-by-detection approaches focus on solving the data association (the identity assignment of observations to object tracks) problem by using the distinguishable features [8] - [10] and/or the predictable trajectories [11] , [12] to identify the labels of nearly-rigidly tracked objects, for example disam-The associate editor coordinating the review of this manuscript and approving it for publication was Li He . biguating pedestrians or cars in different colors or shapes, and/or supposing that they moving by linear motion models.
However, when the tracked objects are tiny animals, such as Drosophila larvae [13] , Zebrafish [14] , or Caenorhabditis elegans [15] , the objects are always poorly distinguishable from each other, non-rigidly deformable, and can exhibit an erratic motion. In this situation, it is challenging to track and disambiguate the identity of multiple objects, especially when they can heavily mutually occlude for several frames.
Also, estimating the state for each object is important for some applications, such as recognizing social behavior of animals [7] . In this case, getting the poses and positions of animals is helpful to extract features for analyzing social behavior when they interact with each other. As these animals are visually indistinguishable and deformable, tracking the states of those in occlusions is a difficult problem, even in controlled laboratory conditions [5] . VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/
In this paper, inspired by the work [13] , a novel method based on multi-anchor flow is proposed to handle the occluding fragments for multiple objects. The principle difference between our approach and the work [13] is that the multi-anchor flow proposed in this paper is quite different from the latent mass flow used in [13] . The multi-anchor flow is built based on the anchor points which are sampled from contours of objects, and can describe the rough region of each object when multiple deformable objects move in cluster for several frames. The cost of multi-anchor flow in this paper is acting on limited number of points and is minimized by Hungarian algorithm, when the cost of mass flow in the work [13] is built on pixel-level features and is formulated to a convex energy function model. Also, instead of using multiple identity interpretations [13] , the joint states of anchors are applied to indicate the identity of each single object when it moves out from clusters. Therefore, the proposed method can vastly accelerate the tracking speed.
Moreover, in order to depict the state of each deformable object in occlusions and improve the accuracy of identity assignment, the annular sector model (ASM) which is proposed in our previous work [19] is combined into our method. The difference between our approach and the work [19] is that the state of ASM for each object is fitted by the distribution of anchor points in this proposed method, when the parameter of ASM in the work [19] is optimized by minimizing the formulated energy function. Besides, the labels of anchor points in each frame can be refined by the fitted ASM and it can finally reduce identity switches for the whole tracking task.
In this paper, the developed approach is used in the task for tracking multiple Drosophila larvae, a popular model organism in biology, by requiring visual data from a single camera. The larvae move on a well plate, and may touch or occlude others over several frames. In these controlled laboratory settings, detection and tracking of isolated individuals is easily to obtain by extracting the foreground of larvae. The main task is the identification and tracking of the larvae during they are touching or occluding.
The main contributions in this paper are:
• The multi-anchor flow is proposed to solve the identity assignment for tracking multiple indistinguishable and deformable objects.
• The ASM is combined to depict the state of each deformable object in occlusions and improve the accuracy of identity assignment.
• The proposed method can track the locations and poses of multiple indistinguishable and deformable objects in occlusions simultaneously in near real time. Experiments on two publicly Drosophila larvae datasets demonstrated the robustness and good performance of the proposed method on both of identity assignment and computational time.
The content of this paper is organized as follows. Section II presents the related work that applies to multiple animals tracking. Section III describes the proposed method. The results and discussions of experiments are performed in Section IV. Finally, a conclusion is given in Section V.
II. RELATED WORK
In the past several decades, most of works for MOT in computer vision focus on pedestrian and vehicle tracking. State of the art approaches often solve the identity assignment of multiple objects in occlusions by using the factors that the target has distinguishable features from each other (such as different colors or shapes [8] - [10] , including deep features [20] , [22] , [23] ), and/or supposing that they moving in predictable trajectories [11] , [12] , [21] . Meanwhile, in most of works the objects are often regarded as nearly rigid targets, and are commonly tracked with the locations when they are in clustered, ignoring the region or the pose of each object.
Tracking multiple animals from a single view is also an essential task in the field of complex animal behavior studies. However, there are several challenging factors that current works are not enough for this task. Firstly, the tracked animals in common species, especially the tiny animals such as the Drosophila larvae [13] , the embryos of Zebrafish [14] , or the Caenorhabditis elegans [15] , are always difficult to be disambiguated from each other by the appearance features. Then, the shapes of some kinds of animals always vary more than affine deformations and the animals always exhibit erratic motions, thus the state of object is not easily to describe and the trajectories are hard to be predicted. Meanwhile, when animals are in contact with each other, obtaining their regions or poses is also important for analyzing the social behavior of animals. Finally, it demands more computational efficiency for the tracking method because of the vast volume of vision data for animals in practical applications.
In biology domain, in order to obtain reliable animal tracking results, current works usually leverage manual or natural measures to mark individuals in cluster to distinguish different objects. Mersch et al. [24] apply barcode-based identifiers for long tracking ants, Benjamin et al. [18] use fluorescent proteins to mark the cells of animals, and Hong et al. [7] obtain poses of mice in different coat color. Shemesh et al. [25] and Lorbach et al. [26] build their dataset by dyeing the fur of mice with different colors. However, these methods are limited in the number of unique markings individuals, and these expensive or complex measures are not robust for automatically analyzing the social behavior of animals.
Unmarked methods are also developed for tracking multiple animals. A recent review of open-source worm like object tracker is given in the work [15] , but the reference trackers simply terminate on collisions and reinitialize afterwards. The idTracker [27] method is proposed to provide a long object tracker and solve the data association problem by extracting a characteristic fingerprint from each animal in a video recording of a group. But this approach is easily influenced by the illumination variation and also does not handle the occluded objects. The improved version idTracker.ai [28] is proposed to eliminate the illumination influence by using two convolutional networks to detect touch animals and to identify the animals. However, this method is prone to handle occlusions for nearly rigid animals or part of animals with time-consuming learning from single objects. Wählby et al. [29] provide a method for segmenting overlapped worms, but it depends on the skeletons of objects which are easily changed by the noises.
There are also some works that explicitly tx rack and disambiguate the identity and region/shape of animals in occlusions simultaneously. In the work [30] , the contours of mice are tracked by using particle filters. But this approach is limited to matching the affine transformations of some manually designed shape templates. Particle filter is also used in approximating inference of ant tracking [14] and in this approach the objects are fitted by ellipse models. Simpler and independent constant velocity models are implemented in Ctrax [31] , although this approach limits to handle slight occlusion. For tracking multiple Drosophila larvae, the work [13] provides to leverage a structured supervised learning [32] formulation to automatically find the optimized parameters of their energy function. But the complexity of this approach explodes with the number of objects and frames because of the latent variables are combined with the intensity flows of pixels. Michels et al. [33] propose an elaborate multi-circle model to track multiple Drosophila larvae based on a reversible jump Markov Chain Monte Carlo (RJM-CMC) method, when the parameters of the model should be designed carefully. In front work [19] , we propose an annular sector model to describe the states of larvae in each frame, and solving the identity assignment by optimizing a formulated energy function. However, the computational efficiency of this work should be further improved and the drifting problem in some cases should be solved.
In this paper, our tracking method is inspired by the work [13] that optimizing the flows to solve the identity assignment of Drosophila larvae in occlusions. Instead of using the pixel-level latent mass flow [13] , this method proposes multi-anchor flows which are formed from multiple extracted anchor points to track multiple larvae frame-byframe. Also, unlike the work [13] that focuses only on the identity assignment task, this method combined the ASM which is proposed in [19] to describe the state of larva and track the region and pose of each larva in cluster simultaneously.
III. METHOD
In this section, we firstly introduce the framework of our tracking method. Fig.1 illustrates the ideas of the tracking framework for multiple larvae in image sequences. The image sequences are firstly preprocessed by subtracting the background and counting the number of larvae for each connect component. Then the components over frames are associated as tracklets by their relations on spatial and temporal context. The state of single object is described by using the ASM which fits the detected anchor points. In order to generate their trajectories, the challenging problem is how to track multiple larvae and obtain their regions or poses when they move to touch or overlap each other, especially that they are visually indistinguishable and deformable.
In this paper, the process that two or more larvae move into clusters and split again is called an encounter. The primary task in our approach is to solve the identity assignment of multiple larvae and track their states in encounters. The main of our thought to solve this task is based on the assumption that the larva moves at a low velocity and the pose of each one changes continuously frame-by-frame. Thus, the observed image intensities during mutual occlusion can be imaged to flow smoothly like water through the ''channel'' which constructed by the regions of occluded larvae in adjacent frames. Fiaschi et al. [13] modeled this process as the movement of mass flows inspired by the literature on Earth Mover Distance (EMD) [34] . However, as the used flows were constructed on the pixel-level features, the complexity of their work is high although their formulated energy can be optimized by linear programming.
In fact, the larvae are always tracked by human-eye only through several specific contour points, e.g. the head/tail point, some side points, etc. Therefore, choosing these specific points to represent the characteristics of the observed larvae can be used to replace the pixel-level features. These specific points are called ''anchor points'' in this paper. In intuition, if the anchor points are initialized to be assigned labels as the identities of their related larvae in the first frame, determining the identities of anchor points frame by frame can finally solve the larval identity assignment. This process can be simplified as building relationships of anchor points between two adjacent frames, and can be regarded as the flows of anchor points. The optimized multi-anchor flow can be obtained through minimizing cost energy function of a bipartite graph.
When extracting the anchor points and establishing the cost function of anchor flows, we consider it on four aspects. Firstly, the anchor points should be able to be extracted from the region of larvae as much easily as possible. Secondly, the anchor points can be differentiated from each other by some features despite of the indistinguishability of larvae. Thirdly, the cost function should be sufficiently expressive to allow assigning energy as much low as possible when the anchor points are correctly connected between two adjacent frames. Finally, the process should also consider the fact that the anchor flows may be terminated or emerged in certain frames.
A. EXTRACTING ANCHOR POINTS
When two or more larvae move into clustered, the humaneye always track these indistinguishable objects by primarily focusing on the larval head or tail continuously over time, or by gazing the larval side edges when the head and tail are covered. Therefore, in our method, we extract the head and tail points and sample several side edge points as the anchor points.
Similar to the work [35] , the larval head and tail points are extracted by calculating the curvature values for each point p on the contour of foreground region using the first pass of the IPAN algorithm [36] . In our method, the difference from the work [35] is that the larval head and tail points don't need to be distinguished from each other, both of which are treated as the sharp points. Also, the sharp point is limited to be extracted from the convex part of the larval contour, excluding the concave part. Because that when two or more larvae move into clustered, the contour points near the cross section would be concave and sharp despite that they are not the larval head or tail points. We illustrate an example that calculating the curvature values of sharp points on the contour of two occluded larvae in Fig.2 . In Fig.2(b) , the two yellow dotted boxes indicate a concave contour section and a convex contour section respectively. The curvature for point p is defined as:
where α is the angle between two vectors −→ pp − and −→ pp + , and − → pq = −→ pp − + −→ pp + . The points p − and p + locate on the contour near the point p by using a sliding window approach, as shown in Fig.2 (c) and Fig.2(d) . And I ( − → pq) is the proportion of foreground pixels on the line segment − → pq. Fig.2(c) shows the convex contour section that the point q is located in the foreground area, while the point q for the convex contour section locates outside the foreground area, as shown in Fig.2(d) . In our method, the center points of contour sections whose curvatures p are less than the threshold value τ are defined as sharp points.
After extracting the sharp points from the larval region, we sample several edge points from the contour between each two sharp points by fixed interval. These edge points and the sharp points are combined to compose the anchor points.
B. MULTI-ANCHOR FLOW
The multi-anchor flow is built on the anchor points which are extracted from the contour of larval region. After detecting the anchor points, we track them across frames by optimizing the multi-anchor flows. This process is realized by matching a bipartite graph formulated by a set of label nodes and a set of observation nodes. We assume that there are N targets in an encounter, where N is fixed, and that the continuous movement time is T . The labels of anchor points for single larva are initialized in the first frame of encounters. The task is to match the anchor points in frame t with the anchor points in frame t + 1.
In Fig.3 , we illustrate an example for tracking two larvae in clustered between two adjacent frames. The anchor points are extracted from the larval regions in both of frames t and t +1, which are labeled by larval number in frame t. As shown in Fig.3(a) , the red and cyan points have different labels and it represents that they belong to different larvae. And the magenta points in frame t + 1 have not been assigned labels yet. We assume that there are K t sharp points and M t edge anchor points extracted in frame t. Then, the anchor points in frame t and frame t+1 are matched by two stages: i) matching the sharp points by using their distances, and ii) matching the rest of anchor points by using the spatial distances and their relative orders.
Extracting the sharp points set s t = {s t 1 , s t 2 , . . . , s t K t } from the frame t and set s t+1 = {s t+1 1 , s t+1 2 , . . . , s t+1 K t+1 }, the sharp bipartite graph is formed as Fig.3(b) . We add K t+1 source nodes s 0 and K t terminal nodes e 0 into the bipartite graph. And the cost energy function of sharp points is formulated as follows:
in which φ is the anchor flow and is defined as:
In addition, the added constraints that j φ ij = 1 and i φ ij = 1. D ij is the pairwise transition score between point i and point j, which denotes the negative log-likelihood that point j should be linked with point i, and is defined as follows:
where N is the Guassian function with the expected value u 1 and the standard deviation σ 1 , and d ij is the Euclid distance between point i and point j. λ is a scale number for the negative log-likelihood, and the range of its value is (0, 1). C is a constant number for the situations that the flow is started or terminated. We use the Hungarian algorithm to minimize the energy cost function E sharp in (2), and the sharp anchor flow set can be estimated asˆ sharp . If the frame rate is not too low and the pairwise transition score of the same sharp point in two adjacent frames is not more than C, the sharp bipartite graph can be matched well and the anchor flows can work well. Similarity, the edge anchor bipartite graph is formulated by the extracted edge points set c t = {c t 1 , c t 2 , . . . , c t M t } in frame t and set c t+1 = {c t+1 1 , c t+1 2 , . . . , c t+1 M t+1 } in frame t + 1, as shown in Fig.3(c) . Also, M t+1 source nodes s 0 andM t terminal nodes e 0 are also added into the graph. Then the cost energy function of edge anchor points is defined as:
in which F ij is pairwise transition score similar to D ij , such that:
where the RO(i, j) is the relative order relationship function between the point i and point j, and is formulated as: where
in which l i and r i are the left and right sharp points adjacent to point i, because that all of the anchor points for one component can be linked as a circle. Here, | • | is the relative order distance, which is defined as the number of interval anchor points. We illustrate an example in Fig.4 for calculating the relative order distance. In this example, although the relative order distance |r i − i| equals to |r j − j| (both of them are 4), the RO(i, j) should be 0 because that the flowˆ sharp (r i , r j ) is 0. This means that the relative positions of point i and the point j are different. Thus, their pairwise cost value should be more than which have same relative positions. To match the edge bipartite graph, we also use the Hungarian algorithm to minimize the cost energy function E edge in (5) . And the edge anchor flow set can be obtained asˆ edge . The multi-anchor flow set is composed by the sharp anchor flow set and the edge anchor flow set, which is:
By estimating the multi-anchor flows frame-by-frame, the identity assignment can be ultimately solved by jointly analyzing the labels of anchor points in the last frame of an encounter. However, errors may occur and accumulate over time because of this locally optimizing process. Thus, the assigning labels need to be revised in due course to ensure the correction of ultimate larval identities matching. Moreover, the location and pose for each larva also should be tracked when two or more get in clustered. For solving these two problems, the ASM is used to describe the state of larva and rectify the labels of anchor points.
C. ANNULAR SECTOR MODEL (ASM)
When tracking larvae by using multi-anchor flows, the junction of two different labels may deviate for one or more points, such that the shape that composed of anchor points with the same label would be abnormal. Therefore, using the larval shape model to fit the anchors allows adjusting the junction of labels and reducing deviation. By considering the shape characteristics of the Drosophila larva, we use the former proposed annular sector model (ASM) [19] as the larval shape model.
As shown in Fig.5(a) , the annular sector is generated from the subtraction of two sectors which have the same circle center and included angle, but have different radiuses. In this paper, in order to conveniently infer the larval pose and location from the anchor points, the vector v of ASM is modified as follows: v = (c x , c y , r, l, e, β),
where • (c x , c y ) is the coordinate of the center point on larval spine line,
• r is the middle radius, which is calculated as:
in which r max is the radius of the bigger sector mentioned above and r min is the radius of the other,
• l is the length of the arc related to the middle radius r, • e is the width of the annular sector, and e equals to r max − r min ,
• β ∈ (−π, π] is the orientation of the axes vector of the annular sector. As the relationship of the arc length, the radius, and the included angle, the other variables (like the included angle θ, the radius r max and r min ) of the annular sector model can be calculated from these six variables. Also, when the shape of the larva stretches along a line, it should be fit with a rectangle, as shown in Fig.5(b) . And this situation can be also regarded as a special annular sector, whose r → ∞, θ closes or equals to 0.
The variables of the ASM for single larva can be calculated directly from the larval spine line. Fig.5(c) illustrates examples for using the ASM to fit a bendy larva and a straighter larva respectively. By obtaining the spine points from the extracted anchor points, the spine line is fit with an arc or a line by using the least square method. Then the variables of the ASM for the larva can be estimated from the arc or the line.
However, when two or more larvae moving into clusters, it is difficult to obtain the larval spine line and the corresponding ASM directly from the occluded area, due to the absence of some of the anchor points. Instead, as shown in Fig.6 , we split the distribution of the anchor points with the same label into four situations: i) If there are two sharp points in the extracted anchor points, the arc or line is estimated by the anchors on the edge that maintains integrity, as shown in Fig.6(a) ; ii) If there is only one sharp point and there are more than ω anchor points on both sides of the sharp point, the arc or line is estimated by the spine points that can be inferred by the edge anchor points, as shown in Fig.6(b) ; iii) If there is only one sharp point and the number of anchor points on only one side of the sharp point is more than ω, the arc or line is fit by the corresponding anchors, as shown in Fig.6(c) ; iv) The others are classified to the situation that don't have enough anchors, as shown in Fig.6(d) . The variables of the ASM are initialized as the values for the same larva in the former frame, and then sampling on the near space of the variables. By estimating the larval ASM in occlusions, the labels of junction points are revised by the minimal distance between the anchor point and the larval spine line. Also, in order to accelerate the processing of multiple frames, only the anchor points on the junctions are considered by the revising process.
IV. EXPERIMENTS
To evaluate the performance of our approach, the experiments were performed on two publicly Drosophila larvae datasets which have different spatial and temporal resolutions. In this section, we firstly introduce the details of datasets and present the implementation of the proposed method respectively. Then, we evaluate the performance of our method quantitatively and qualitatively.
A. DATASETS
We evaluate our approach on two publicly available challenging larval collision datasets from the HCI laboratory [13] and from the work [18] . Both of the datasets provide videos of multiple Drosopila larvae in laboratory condition from a single camera on the top view, but they have different resolutions and characteristics for the larvae collisions.
The HCI dataset [13] includes 33 high resolution movies with 1000 frames each and a temporal resolution of 3.3 frames per second. Each movie provides the holistic view for average 20 larvae that moving from a cluster to all directions. The larvae are small in this dataset and the average number of pixels for one larva is less than 250 in this dataset. Furthermore, the dataset also provides the encounters which are extracted from the original videos, and each encounter is composed of subimages that contain the region of two or more larvae. The ground truth is that the larval identities for each encounter are labeled manually in the frames before and after overlapping. In this dataset, there are 1478 encounters for two larvae, 96 for three larvae and 28 for four or more larvae.
The dataset from the work [18] is composed of 2262 image sequences and each sequence provides local view for two or more larvae involved in collisions with a temporal resolution of 20 frames per second. In this dataset, the average size of one larva is about 1500 pixels, and the appearances of larvae are more diversified with different lightning conditions. There are 4524 encounters for two larvae and 33 for three larvae that are extracted from the collision sequences. As the same with the prior dataset, to evaluate the proposed method, we label these encounters with the larval identities manually in the frames before and after overlapping.
B. IMPLEMENTATION DETAILS
For each image sequence or video, a simple background image is learned as the per-pixel median of 10 images which are sampled uniformly from all frames [37] . The segmentation is performed by subtracting the background and taking morphological operations. Connected components of the segmented image are regarded as detections. Then we use the context of connected components to count the larval number for each cluster, which also can obtain a precision of 99.9% on both of these datasets.
As the larval resolutions are diverse in different datasets and different cases, and even the larval size varies in different frames, sliding window with adaptive length is adopted to extract sharp points. In this paper, the adaptive length is in proportion to the number of contour points. Also, the sampling interval for individual larva between sharp points is also in proportion to the number of contour points. When occlusion occurs, the fixed interval for sampling edge points between sharp points is the average of sample intervals for individual larvae before they move into cluster. And the sharp threshold value τ is set as 0.5π .
Besides, in order to adapt the proposed method to different datasets with various larval sizes and diverse resolutions, all of the distances in cost energy function in (4) and (6) are in proportion to the average length of the related larva. The parameters in Guassian functions for pairwise transition score are obtained statistically from the isolated individual larval movements. In this paper, the sharp expected value u 1 and standard deviation σ 1 are respectively set as 0.03 and 0.09, and the edge expected value u 2 and standard deviation σ 2 are set as 0.025 and 0.07. And the scale number λ in (4) and (6) is set as 0.33. The number ω which is the threshold value for fitting the ASM in cluster is set as 5. It needs to be noted that when evaluating the proposed method on the above two larval datasets, we use the same parameter values in our method, despite that these two datasets have different spatial and temporal resolutions.
C. RESULTS AND DISCUSSIONS
First, we evaluate the performance of the proposed method on the HCI dataset. The comparison between our method and other approaches on the accuracy rates to solve identity assignment for encounters with different number of larvae is presented in Table 1 . Ctrax [28] is apt to handle the object that moves regularly, thus its tracking results are prone to be relatively poor for multiple larvae. CT [35] has a higher accurate rate than Ctrax for the clusters of two larvae but has difficulties to disambiguate the occlusions of more than two entangled targets. The weakly supervised structured learning method proposed by Fiaschi et al. [13] has relative more stable performance than the above approaches, but its performance of accuracy rate declines quickly with the number of larvae raising up. The ASM [20] method and the approach proposed by Branson and Belongie [30] have relative higher accuracies for this dataset. Here, for the method proposed by Branson and Belongie [30] , the results are under the situation which is trade-off of accuracy rate and computation time (with 1000 samples). We also compare the results of our method with and without ASM. Among all of the approaches, our method with ASM achieves the highest accuracy rate on identity assignment in the encounters with the number of larvae less than or equal to 3 on this dataset, and it still has very good performance when the larval number is more than 3.
The testing computation time on this dataset for some of these methods is listed in Table 2 . We can see that the computation costs of our method (with and without ASM) and the work [33] are much lower than that of the ASM method [19] and the work [13] . In the table, results show that our method without ASM is the fastest among all of these approaches. However, it is obvious that the proposed method with ASM can achieve the best performance on accuracy with a bit more computational cost than that without ASM.
We also compare our method with two approaches [19] , [33] on the dataset from the work [18] and the results of accuracy rates for encounters with different number of larvae are shown in Table 3 . Also for the method proposed by Michels et al. [33] , the number of samples is set as 500, which is the trade-off of accuracy rate and computation time. From this table, we can see that our method with ASM also has the best performance for accuracy rate in encounters with both 2 and 3 larvae on this dataset. In addition, Table 4 shows the computation time of these three methods on this dataset. The ASM [19] method has the lowest speed because that the convergence and interpretation mechanism spend more time.
And the result also shows that the proposed method is faster than the literature [33] .
All of the above quantitative results demonstrate that our proposed method is robust when evaluating on different datasets with different spatial and temporal resolutions, and that our method can improve the accuracy rate of the identity assignment and accelerate the tracking process simultaneously. Moreover, in order to further demonstrate the robustness of our method, we also evaluate the proposed method (with ASM) on different temporal and spatial scales of the HCI dataset [13] and the dataset from the work [18] . And the experimental results have shown in the Supple. Table 1 and  Supple. Table 2 .
To qualitatively evaluate the proposed method, Fig.7 illustrates our results for tracking multiple larvae with two challenging cases. The first case presents the tracking result of the encounter of two larvae, as shown in Fig.7(a) . The tracking result shows that our method not only disambiguates the identity of each object before and after encounters through the labels of anchor points, but also can still well indicate the poses of larvae in each frame even during they are heavily tangled together. Our tracking algorithm uses the ASM not only to rectify the labels of anchor points, but also to fit the poses of larvae in occlusions. In Fig.7(b) , the second case indicate part of the encounter of three larvae, in which the larvae move together and their entanglement lasts for a long time. In this case, the larva labeled with blue anchor points and blue annular sector is sandwiched between two other larvae and in appearance heavily merged with others. Despite that the results of labels of anchor points occurs some errors in several frames, the annular sector fitting result still can recognize the poses and rectify the identity assignment. Thus, the proposed tracking method still performs well on the encounters that are in heavily occlusions. Fig.8 shows a failure case that the predicted result for the proposed tracking method is incorrect. From this case, we find that the proposed method is difficult to assign correct labels to anchor points for the situation that one larva crawls over the middle of another larva. The reason of these kinds of errors occurring is that in the proposed method the labels of anchor points are mainly decided by the identities of neighboring anchor points in previous frame, but the truth label of anchor points would be abrupt changed when the above kind of situation appears. In addition, it is rarely happens for this kind of case in the practical movements of multiple larvae, that there are less than 10 cases for the above two datasets.
V. CONCLUSION
We have proposed a novel method for tracking multiple indistinguishable and deformable objects in occlusions and tested it on two publicly challenging larvae datasets. In our method, the approach of extracting anchor points has been presented and the bipartite graphs of sharp points and edge anchor points respectively have been established to measure the relationships of anchor points between adjacent frames. By using Hungarian algorithm to minimize the energy function, the multi-anchor flows were obtained to solve the identity assignment of multiple objects before and after clusters. Meanwhile, the ASM has been combined with the multi-anchor flows to rectify the labels of anchor points and describe the poses of larvae in occlusions. The experiment results have shown that our proposed method not only achieves highest accuracy rate of identity assignment among state-of-the-art approaches on both of the datasets, but also improves the computational speed when compared with current methods. The results also demonstrate the efficiency of our method for tracking multiple larval poses, even though they are entangled heavily lasting for a long time. Moreover, as the multi-anchor flow ignores the erratic motions and deformable shapes, it can be used for tracking other animals.
